A profitability comparison of modal point and closing price. by Chan, Quincy Chi-fai. & Chinese University of Hong Kong Graduate School. Division of Economics.
A Profitability Comparison of Modal Point and Closing Price 
Chan Chi-fai Quincy 
A Thesis Summited in Partial Fulfilment 
Of the Requirements for the Degree of 
Master of Philosophy 
in 
Economics 
• The Chinese University of Hong Kong 
August 2003 
The Chinese University of Hong Kong holds the copyright of this thesis. 
Any person(s) intending to use part or whole of the materials in the 
thesis in a proposed publication must seek copyright from the Dean of 
the Graduate School. 
A / th 5 _ ® ) i 
ABSTRACT 
Most studies on the profitability of technical trading rules report their findings based 
on closing prices data. In this thesis, the concept of modal point is introduced. 
The profitability of various technical trading rules is studied. It is found that modal 
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The study of technical analysis has a long history. Back to the late 1600s， 
charting analysis of commodity prices were used by the European agricultural 
traders and the rice traders at Dojima Rice Exchange of Sakata in Japan. The 
earliest study of using technical analysis for security trading was Ellinger (1955).^ 
Since financial information is far more easily accessible nowadays, there is a rapidly 
growing literature on technical analysis. For example, the filter rules of Sweeney 
(1988)，the random walk models of Allen and Taylor (1990), the stochastic 
properties of security prices of Brock et al. (1992), the ad hoc trading rules of Neftci 
(1991)，and the volume rules of Antoniou et al. (1997) and Blume et al. (1994). 
More recent contributions to the literature include the chaos theory, fuzzy logic, 
genetic programming (Neely et al. 1997) and artificial neural network (Gencay, 
1999; Fernandez et al., 2000). 
According to Allen and Taylor (1989)，there are about 90% of the chief dealers 
use technical analysis to form short term expectations on price movements, and 60% 
of them reckon that technical analysis is as important as fundamental analysis. 
Carter and Van Auken (1990) find that technical analysis is the second highest rated 
method among investment managers after fundamental analysis. Frankel and Froot 
(1990) show that market professionals tend to include technical analysis in 
forecasting the market. Lui and Mole (1995) report that more than 85% of 
respondents make their predictions of price movements based on both fundamental 
and technical analysis. 
‘Republished as Ellinger (1971) 
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In spite of the wide acceptance by investors, whether technical analysis can 
generate excess return is still very controversial in the literature. The Efficient 
Market Hypothesis of Fama (1970) and the Random Walk Hypothesis suggest that 
the study of historical price cannot generate excess profit. However, there are still 
considerable amount of studies showing that technical trading rules can generate 
significant excess returns in the security and foreign exchange markets. These 
contradicting results fail to deliver a conclusion on the profitability of technical 
trading rules. 
In this paper, I attribute this lack of consensus to the use of closing price data. 
The closing price data can be deceptive as they are easily subject to manipulations 
and hence are vulnerable to technical traps. In light of this, this paper examines the 
concept of modal point. The modal point is the daily heaviest traded price, which 
indicates a crucial support or resistance level. The modal point data is compiled by 
ProSticks International Holdings Limited.^ The ProStick is a new charting system, 
which contains more information as compared to the Candlestick. A ProStick and a 
Candlestick chart are shown in Figure 1 for comparisons. 
FIGURE 1 HERE 
For the traditional Candlestick, it mainly carries four pieces of market 
information, namely, Open, High, Low, and Close prices (OHLC). A ProStick not 
only preserves the basic features of the Candlestick, but also contains other useful 
market information. Apart from OHLC, a ProStick also includes a modal point (the 
2 ProSticks International Holdings Limited is listed in the Stock Exchange of Hong Kong with 
company code (8055) on 5th December 2001 at the Growth Enterprise Market (GEM). 
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most heavily traded price), an active Range (a price interval which contains about 
70% of the tradings), and extreme tails (top and bottom extreme prices which 
contain about 3% of the tradings). Figure 2 shows the support and resistance level 
constructed by modal point. 
FIGURE 2 HERE 
Since modal point represents the daily heaviest traded price, it cannot be easily 
manipulated and therefore it is more likely to avoid technical traps. Figure 3 shows 
a typical example of a technical trap. 
FIGURE 3 HERE 
In Figure 3，if one uses the conventional trading rule for the moving average, then a 
buy signal will be generated at point A if the closing price data is used. This is 
obviously a wrong signal, as the price keeps moving down afterwards. Note that no 
signal will be triggered when modal point data is used. Thus, modal point can avoid 
a trap in this case. 
The aim of this paper is to compare the profitability of applying the technical 
trading rules on closing price and modal point data. The thesis is organized as 
follows. Chapter Two gives a brief review of the previous literature. Chapter Three 
discusses the data and methodology. Chapter Four reports the empirical results by a 
comparison between modal point and closing price among Four Asian Dragons in 





Whether technical analysis as a forecasting mechanism can generate excess return 
is still very controversial. Some researchers argue that technical analysis can 
generate excess return compared to a buy-and-hold (B&H), while some of them 
against. Even with the same technical trading rules, result will be very different 
when applied to different security or market. 
According to the Fama (1970) Efficient Market Hypothesis (EMH), historical 
prices have no impact on future price movements since they are fully reflecting all 
relevant historical factors of the market. So the study of historical prices will not 
generate abnormal returns. Various researchers conclude that the stock market is at 
least weak-form efficient (Fama 1991). Filter-rule test is a test of weak-form 
efficiency. A filter described a trading rule that signals a buy when the market price 
of a stock rises X% and a sell when the price falls by X%. Using filters tests on the 
Dow Jones Industrial Average (DJIA) and Standard & Poor Industrials, Alexander 
(1961) finds that filters outperform simple buy-and-hold strategies. However, after 
dividend payments and transaction costs are considered, Fama and Blume (1966) 
find that excess returns from filter trading rules could even be negative. Sweeney 
(1988) extends the study of Fama and Blume (1966) and concludes that floor trader 
can make excess profits of only 2 % per year, but this profit is very sensitive to the 
transaction costs and the bid-ask spread. 
Random Walk Theory is another study that challenges the validity of technical 
analysis. Random Walk Theory states that security price follows a random manner. 
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In other words, historical price is uncorrelated to present or future price. Meese and 
Rogoff (1983) found that no economic model was available to outperform random 
walk models. Allen and Taylor (1990) apply technical analysis via the examination 
of the relative performance of a number of chartists on the London Foreign 
Exchange (FX) market. They find that although there were large differences 
between individual chartists, with the median return of the chartists failing to 
outperform random walk models, one particular chartist was consistently able to 
outperform the random walk model. Min and McDonald (1993) find that the 
portfolio-balance model produces better forecasts than the random-walk model 
when the structural model is well specified. Using a cointegration-based error-
correction model, Tawadros (2001) found that an unrestricted dynamic monetary 
model outperforms the random walk model at all forecasting horizons. 
Another line of study, which has attracted the attention of many 
econometricians, focuses on the time series properties of security prices. Since 
nonlinearity is increasingly found in financial time series, these researchers believe 
technical trading rules require nonlinearity in prices to be successful. There are 
evidences support that trading rules can outperform statistical models in predicting 
security prices and exchange rates. Brock et al. (1992) test two technical trading 
rules, the moving average and trading range break. Via bootstrap techniques on the 
Dow Jones Industrial Average over a period of hundred years, they find that these 
trading rules did have predictive ability. Hudson et al. (1996) replicate their study 
and employ 60 years of daily returns from the FT30 on the London International 
Stock Exchange. They conclude that although the technical trading rules examined 
do have predictive power, they do not allow investors to make abnormal returns in 
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the presence of transaction cost. Mills (1997) draws a similar conclusion by 
applying more rigorous econometric models on the data of Hudson et al. (1996). 
Another stream of study attempts to identify technical trading rules to forecast 
the trend of a security market. When trend can be realized, technical methods can 
generate signals in the same direction. The original trend will be strengthen, 
especially when more and more investors rely on the technical indicators. 
Therefore, even if the original trend was a random occurrence, the sequential trend 
made by the technical indicator would be self-fulfilling. Conrad and Kaul (1988) 
employ weekly returns of ten size-based portfolios over the 20 years and found that 
weekly returns were positively correlated, and the correlations were salient for 
portfolios of small stocks. However, Neftci (1991) uses the Dow Jones industrials 
for 1911-1976 to evaluate a set of ad hoc trading rules widely used in financial 
markets. He shows that a few of these rules generate well-defined techniques of 
forecasting. Gencay (1996) uses 25 years data from the Dow Jones Industrial 
Average Index to examine the linear and non-linear predictability of stock market 
returns generated by moving average rules, and finds that two nonlinear models 
consistently outperform linear regression models. 
There are also studies focus on the information of the trading volume. Blume 
et al. (1994) show how volume provides information to generate profitable trading 
rules. They show that traders who use this information perform better than traders 
who do not. Antoniou et al. (1997) employ 5 years data from Istanbul Stock 
Exchange and concluded that technical analysis on volume can aid the prediction of 
returns, which cannot be predicted solely by the analysis of past returns. Easley et 
at. (1998) state that option volumes do contain information on future stock price. 
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Chan et al. (2000) confirm the role of volume and its applicability in technical 
analysis, they find higher profit can be extracted when momentum portfolios 
implemented on markets with higher volume in the previous period. 
In conclusion, since there are affluent theoretical and empirical works in the 
literature, technical analysis does have its value for both market participants and 
researchers. Skouras (2001) argues that technical trading rules commonly used are 
consistent with utility maximization for risk neutral agents and in a myopic sense 
even for risk-averse agents. Although the Efficient Market Hypothesis and Random 
Walk model cast doubts on the efficacy of technical trading rules, they are still 
prevalently in used by investors. Despite the lack of consensus on the usefulness of 
technical analysis, it is still a valuable investment tool as far as its increasing 
popularity is concerned. 
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CHAPTER THREE 
DATA AND METHODOLOGY 
There are several technical trading rules used by market participants. In general, 
these rules can be classified into two major categories: trend followers and non-trend 
indicators.^ Moving Average (MA) is one of the most versatile and widely used 
trend followers. Relative Strength Index (RSI) is a frequently used non-trend 
indicator and is an increasingly popular trading rule during the last decade. I will 
compare the relative performance of these two trading rules based on the two data 
sets. 
Moving Averages (MA) 
Moving average is a filter, which smooth the movement of stock prices. 
Because of the way it is constructed, MA is a lagging indicator. Since MA can be 
easily calculated and tested, it is the basis for many mechanical trend following 
systems in use today. 
There are mainly three types of MAs: the simple moving average (SMA), the 
linear weighted moving average (WMA) and the exponential moving average 
(EMA).4 Following LeBaron (1998)，I use the SMA for analysis. The N-day simple 
MA at time t is given by the following expression: 
MAN it) = ^  土 Pi. N i=t-N+l � 
3 See Murphy (1999) chapter 9 and 10 for detailed explanation. 
4 See Murphy (1999) chapter 9. 
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where N is the window width of the moving average and P,- is the closing price or 
modal point value at date i. To make an in-depth comparison of the profitability, the 
5-，10-，20-，50-, 90-，150-，200- and 250-day MA will be analyzed. 
Define the trading signal St as follows: 
Buy: S, = 1 if P,^ MAn � and <MAn ( t - /)• 
Sell: S, = -1 if P,< MAn (0 and P,-, >MAn (卜 /). 
Therefore, a buy signal at date t will be generated when the price crosses the moving 
average from below. Conversely, when the price penetrates the moving average 
from above, a sell signal is triggered. 
Relative Strength Index (RSI) 
Developed by Wilder (1978), the Relative Strength Index is an improved 
oscillator over the momentum indicator. The N-day momentum is simply defined as 
the difference between the current price and the price N days ago.^ Wilder points 
out that a sharp change a few days ago can cause an erratic movement in the 
momentum line even if the current price changes a little. Therefore, a smoothing is 
needed to minimize these distortions. Another problem associated with the 
momentum indicator is that it does not have a well-defined range for comparison 
purposes. The RSI not only provides the necessary smoothing, but also solves the 
latter problem by creating a proper range of 0 to 100. The N-day RSI at time t is 
defined as: 
5 See Murphy (1999) chapter 10 for detailed explanation. 
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^iio' (Pl-i -Pt-i-l)I{Pt-i >Pt-i-l] 
RSIN it) = _ , X100. 
ZfU-^ IP,-,- - I ( 2 ) 
where P, is the closing price or modal point value at time t. |x| denotes the absolute 
value of X. I{.} is an indicator function which equals one when the statement inside 
the bracket is true, and equals zero otherwise. N is the window width of the RSI. 
The smaller the value of N，the more sensitive the oscillator becomes and the higher 
its volatility will be. Wilder (1978) originally uses 14 days in his calculations. In 
this paper, the 7-，14-, 21- and 28-day RSI will be analyzed. 
A stock is considered as oversold if its RSI is below 30，whereas it is 
considered as overbought if its RSI is above 70. A reading of 100 implies a non-
decreasing price movement, whereas a reading of 0 implies a non-increasing price 
movement. The level of 50 is usually used to distinguish the bullish and bearish 
market.6 Trading signals can be generated after the RSI is computed. Define the 
trading signal St as: 
Buy: S, = 1 if RSIn (0 ^ 50 and RSIn ^t-l) < 50. 
Sell: S, = -1 if RSIn � < 50 and RSIn it- 1) > 50. 
Therefore, a buy signal at date t will be generated when the RSI crosses 50 from 
below. Conversely, when the RSI penetrates 50 from above, a sell signal is 
triggered. 
Buy-and-Hold (B&H) and the Annual Return 
6 See Murphy (1999) chapter 10. 
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For the simple buy-and-hold strategy, index will be purchased at the beginning 
of the period and sold at the end of the period. I use the closing price for the 
calculation of returns. The return from the simple buy-and-hold strategy will be 
considered as the benchmark return. 
In order to evaluate the performance of MA and RSI, define the total return 
throughout the sampling period to be: 
Total return = {1 + r,) (7 + r：) (/ + n)…U + r„). (3) 
where , SU) 
1 + rj = . 
力 (4) 
S(j) is the selling price and B(j) is the buying price in the / ' transaction, m is the 
number of transactions in the sampling period. 
The performance of a trading rule is evaluated in terms of the annualized rate of 
return. Since there are about 250 trading days each year，the annualized rate of 
return is defined by 
250 
R= [U + n)a + r2)a + n)…U + ~ -1. (5) 
where R is the unadjusted annual rate of return and T is the number of trading days 
in the sampling period. The t-statistic is calculated by: 
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R t - statistic = —. 
(6) 
where S is the standard error of the annual rate of return. The standard error is 
derived by: 
S = \ . 
^ - (7) 
Transaction Costs and the Adjusted Return 
To better assess the profitability, I adjust the annual return by deducting the 
transaction cost. The annual cost of transaction is given by: 
250 Anmalrateof transaction cost {ATC) = mxcx——. 
T (8) 
where c is the rate of transaction cost in each transaction. 
The transaction cost of stocks trading is mainly from the brokerage, which is 
0.25% per a complete transaction in Hong Kong. In fact, the cost of transaction is 
much lower for institutional investors. The increasing popularity of Internet tradings 
also alleviates the transaction costs. As a result, I employ c=0.25% per complete 
transaction. 
After getting the annualized transaction cost, the annualized adjusted rate of 





In this chapter, I will compare the profitability between modal point and closing 
price data among Four Asian Dragons by applying the simple moving average and 
Relative Strength Index. 
Hong Kong - HSI 
The barometer of the Hong Kong stock market is the Hang Seng Index ( U S l f , 
which is a valued weighted index currently comprises 33 actively traded blue chips. 
At the end of 2001, the total market value coverage ratio of these stocks was 
accounted for about 82.9% of the total market capitalization in the Stock Exchange 
of Hong Kong (SEHK). Given the composition of the index, the potential problems 
of thin trading and non-synchronous trading can be eliminated (Ho and Cheung, 
1991). 
The modal point data of Hang Seng index (HSI) from 30 June 1999 to 31 Dec 
2002 will be analyzed. The sample size is 864 after holidays have been excluded. 
This is the best available data set of modal point when this study was conducted. 
For comparison, the daily closing price of the HSI over the same period will also be 
analyzed. Table 1 reports the summary statistics for the log first differences of the 
HSI using closing price and modal point. 
7 HSI constituent stocks are selected by a strict screening process, supported by extensive external 
consultation. To be eligible for selection, a company must be among those that constitute the top 
90% of the total market capitalization and turnover of all ordinary shares listed on the SEHK. It 
should not be a foreign company as defined by the SEHK, Normally, it should have a listing history 
of 24 months. After fulfilling these criterion, company still need to pass the final selections which 
based on the market capitalization and turnover rankings of the companies, the financial performance 
of the companies and the representation of the sub-sectors within the HSI directly reflecting that of 
the market. 
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TABLE 1 HERE 
The means are slightly negative. The standard deviation of closing price and 
modal point is 0.0072 and 0.0069 respectively. In order to test for normality, 
skewness and kurtosis are also computed. For the Normal distribution, the skewness 
and kurtosis is 0 and 3 respectively. The skewness figures in Table 1 coincide with 
those in Hudson et al. (1996) and Mills (1997), who find skewness range from -0.43 
to 0.31 in other stock markets. The values of kurtosis for closing price and modal 
point are close to 5. As a result, the distribution of HSI return is somewhat 
leptokurtic, which agrees with the findings in other stock markets. 
Results Without Short Selling 
Short selling is a common activity in most of the developed financial markets. 
Nonetheless, it is restricted in Hong Kong.^ Due to the prohibition of short selling, 
investors in Hong Kong are generally starting their trading with a long position. 
Table 2 summarizes the results without short selling. The numbers marked with 
(**) are significant at 5% level for a two-tailed test. 
TABLE 2 HERE 
In Table 2, S M A N refers to the N-day simple moving average, RSIN refers to 
the N-day relative strength index, B&H is the simple buy-and-hold strategy, m is 
8 According to the Securities Ordinance Section 80’ short selling of SEHK-listed securities are 
prohibited unless, one can prove that, at the time of sale, he had a reasonable and honest belief that he 
(or his client) had a presently exercisable and unconditional right to vest the securities in the 
purchaser. 
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the number of transactions recorded in the sampling period. The unadjusted annual 
return (R) is defined in equation (5) in the previous section. "Correct" records the 
number of profitable transactions in which the selling price is higher than the buying 
price when no short selling is allowed, while "Error" in column 5 is the number of 
non-profitable transactions in which the selling price is lower than the buying price. 
ATC refers to the annualized cost of transaction, which is defined in equation (8). 
Annualized adjusted rate of return (AR) is defined in equation (9) in the previous 
section. 
Applying SMA rule on the closing price data, the unadjusted rate of return is 
maximized at SMAio, which is 8.83% per year. Although the maximum loss of 
6.49% per year is incurred by SMA150, it is still better than the 10.23% loss 
generated by the buy-and-hold strategy. As a result, applying SMA rule on HSI 
closing price can generate a higher return than the B&H strategy at all window 
lengths when transaction cost is excluded. 
Similarly, SMA rule outperforms the B&H strategy when employing modal 
point data. The unadjusted rate of return is also maximized at SMAio (7.42%), 
whereas it is minimized at SMA150 (-5.83%). 
Comparing the results of closing price and modal point data, with the exception 
of SMAio and SMA90, the unadjusted annual return is higher for modal point than 
for closing price. Except for SMA50, there are more correct predictions when 
applying trading rules on modal point than on closing price. On the other hand, the 
numbers of error predictions are fewer for modal point than for closing price. 
Therefore, under simple moving average rules without transaction cost, the modal 
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point data generates a higher return and gives a more accurate prediction as 
compared to the closing price data. 
Using RSI on the closing price data, the unadjusted return of 5.87% per annum 
is maximized at RSIu. The unadjusted annual return is minimized at RSI7, which is 
-0.57%. All the returns generated by RSI rules are higher than the one by B&H 
strategy. 
Similar to the closing price data, modal point generates a higher unadjusted 
return for RSI14. The unadjusted return for RSIM is 6.62%, whereas it is -0.28% for 
RSI7. All the returns of RSI are higher than the return of B&H. 
Although the unadjusted annual returns are all higher than the simple buy-and-
hold strategy for both closing price and modal point, one cannot conclude these rules 
outperform B&H at the moment as transaction costs must be included in practice. 
To better assess the profitability, annual cost of transaction is calculated. For 
the closing price data, the annual transaction cost is ranging from 0.58% to 7.45% 
per year. For B&H，the annualized cost of transaction is only 0.072%. The adjusted 
return, as defined in equation (8), is maximized at SMAio (4.20%) and minimized at 
SMAiso (-7.51%). Note that B&H incurred 10.30% loss per year. Although the 
transaction cost is much lower for B&H，the SMA rules still outperform B&H 
strategy for closing price. 
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For modal point, the annual adjusted return is maximized at SMA20 (4.34%) 
and minimized at SMA150 (-6.99%). Therefore, the SMA rule also outperforms the 
B&H strategy for modal point. 
For the RSI rules, annual adjusted returns range from -5.13% to 2.76% for 
closing price and from -4.70% to 3.65% for modal point. Returns are maximized at 
RSI14 in both data sets. 
In short, except for SMAio, SMA90 and RSI28, the modal point data generates a 
higher annual adjusted return as compared to the closing price data no matter 
transaction cost is incorporated or not. 
Results With Short Selling 
Figure 4 illustrates that the Hang Seng Index was experiencing a downtrend 
during the sampling period. 
FIGURE 4 HERE 
Therefore, allowing for short selling should be more profitable. Previous studies by 
Brock et al. (1992) and Coutts and Cheung (2000) allow for short selling. In this 
section, the investment returns in the presence of short selling are also studied. 
Table 3 summarizes the results when short selling is allowed. 
TABLE 3 HERE 
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In Table 3，m refers the number of transactions recorded in the sampling period 
including the short selling transactions. "R" refers to the unadjusted annual rate of 
return, which is defined in equation (5). "Correct" is the number of profitable 
transactions in which the selling price is higher than the buying price for long 
position and the selling price is lower than the buying price for short selling 
position, while "Error" in column 5 records the number of non-profitable 
transactions in which the selling price is lower than the buying price for long 
position and the selling price is higher than the buying price for short selling 
position. ATC is the annualized cost of transaction, which is defined in equation 
(8). Annualized adjusted rate of return (AR) refers to equation (9). 
"Correct" records the number of profitable transactions in which the selling price is 
higher than the buying price for long position and the selling price is lower than the 
buying price for short selling position, while "Error" in column 5 is the number of 
non-profitable transactions in which the selling price is lower than the buying price 
for long position and the selling price is higher than the buying price for short 
selling position. 
Comparing closing price data in Tables 2 and 3，one can easily observe the effect of 
short selling. When short selling is allowed, the results are consistent with those in 
the previous section. However, the magnitude of annual return is much higher now. 
The numbers of transactions are also higher at all window sizes in the presence of 
short selling. 
For the SMA rules with closing price data, the annual rate of unadjusted return 
is maximized at SMAio, which is 8.83% without short selling and 29.02% with short 
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selling. Also, unadjusted return is minimized at SMA150 in both cases, which is -
3.23% with short selling and -6.49% without short selling. 
For modal point data, the annual rate of return is higher in Table 3 than Table 2 
at all window sizes. When no transaction cost is incurred, the highest return is 
obtained by SMA5 with short selling. A hefty return of 28.49% for SMA5 with short 
selling is three times of the return for SMAio without short selling (7.42%). 
Maximum loss is recorded at SMA150 for both cases. Without short selling, using 
SMAiso will incur a loss of 5.83% per year. On the other hand, only 1.43% loss is 
recorded in the presence of short selling. 
Table 3 also reports the results of annual adjusted returns of SMA trading rule 
with transaction cost. Returns are positive for all window sizes except SMA150 and 
SMA250. Annual adjusted returns range from -5.18% to 19.83% for closing price 
and from -3.68% to 20.08% for modal point. Comparing the profitability of 
applying SMA rule on two different data sets, with the exception of SMAio and 
SMA90, modal point generates a higher return. Evidently, modal point outperforms 
the closing price under SMA rules. Note that the SMA trading rule outperforms 
simple B&H trading strategy. These results are consistent with those in Table 2. 
For RSI, returns are markedly higher when short selling is allowed. For the 
modal point data, the RSIM generates an adjusted return of 17.94% per year in the 
presence of short selling and 3.65% without short selling. For RSI7, the adjusted 
return is 0.70% with short selling and -4.70% without short selling. For the closing 
price data, the adjusted annual return is 16.29% for RSIM and 0.24% for RSI7. Note 
that the annual returns computed from modal point data are higher than the returns 
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calculated from closing price data for RSI7, RSIH and RSI21，whereas closing price 
data outperforms modal point data for RSI28. Thus, modal point data still performs 
better. 
Results 
In the case of Hong Kong stock market, it is found that 1) The SMA and RSI rules 
outperform the simple buy-and-hold tactics for both the closing price and modal 
point data; 2) In most of the cases, modal point data generates a higher return as 
compared to closing price data under both the SMA and RSI trading rules; 3) When 
short selling is allowed, returns are positive and higher than the case without short 
selling. 
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Singapore - STII 
The barometer of the Singapore stock market is the Straits Times Industrial 
Index (STII). The modal point data of STII from 29 June 2000 to 31 Dec 2002 will 
be analyzed, which is the best available data. The sample size is 608 after holidays 
have been excluded. In order to make consistent comparison, the daily closing price 
of the STII over the same period will also be analyzed. Table 4 reports the summary 
statistics for the log first differences of the STII using closing price and modal point. 
TABLE 4 HERE 
From Table 4, the mean return in Singapore stock market is slightly negative. 
The return distribution of STII is not normal. These results agree with the case in 
Hong Kong stock market. 
Results Without Short Selling 
In order to facilitate comparison across different markets, the transaction cost is 
still 0.25% per complete transaction. Table 5 summarizes the results without short 
selling. 
TABLE 5 HERE 
When employing SMA rule on the closing price data, the unadjusted rate of 
return is maximized at SMAio (5.36%) and minimized at SMA50 (-3.05%). 
Similarly, the unadjusted rate of return is also maximized at SMAio (3.41%) but 
minimized at SMA20 (-4.85%) for modal point data. Note that the unadjusted return 
at SMAiso and SMA250 for closing price and modal point data are the same. It is 
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because the buy/sell signals generated by the moving average are the same under 
these two window sizes on both data sets. For the RSI rule, the unadjusted return is 
maximized at RSI7 and minimized at RSI21 for both data sets. Similar to the case of 
Hong Kong, applying technical trading rules can generate higher return than the 
B&H strategy in the Singapore stock market. 
Comparing the profitability by applying the technical trading rules on both data 
set, except for SMAio, SMA20 and SMA200, the modal point data generates higher 
return as compared to the closing price data no matter transaction cost is 
incorporated or not. 
Results With Short Selling 
Figure 5 illustrates the Straits Times Industrial Index closing price and modal 
point follow a downtrend during the sampling period. 
FIGURE 5 HERE 
Thus, allowing for short selling should be more profitable. Table 6 summarizes the 
results when short selling is allowed. 
TABLE 6 HERE 
With the exception of SMA200 and SMA250, the annual rate of return is higher 
at all window size in Table 6 than in Table 5. In other words, allowing for short 
selling is more profitable in most of the cases. The annual rate of return is 
maximized at SMAio and minimized at SMA200 when applying SMA rule on both 
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data set no matter transaction cost is incorporated or not. Similarly, using RSI on 
both data sets will generate highest return on RSI7 and will generate lowest return on 
RSI21. 
For the profitability comparison, modal point outperforms the closing price 
except SMAio, SMA20 and SMA200. Note that the annual adjusted returns, as well as 
the unadjusted annual returns, computed from modal point data are higher than the 
returns calculated from closing price data at all window size for RSI. Thus, modal 
point strictly outperforms the closing price under RSI rules. 
Results 
In the case of Singapore stock market, it is found that 1) The SMA and RSI 
rules outperform the simple buy-and-hold tactics for both the closing price and 
modal point data; 2) Modal point data generates higher return as compared to 
closing price data under the RSI trading rules; 3) Result is mixed under the SMA 
trading rules; 4) Except SMA200 and SMA250, returns are higher in the presence of 
short selling. 
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Taiwan - TWSE 
The barometer of the Taiwan stock market is the Taiwan Weighted Average • • 
(TWSE). Table 7 summarizes the summary statistics for the log first differences of 
the TWSE using closing price and modal point from 23 June 2000 to 31 Dec 2002. 
TABLE 7 HERE 
After holidays have been excluded, the best available data set is 638. Again, 
the mean return of TWSE is slightly negative, which is similar to the previous case 
in Hong Kong and Singapore stock market. Since the skewness and kurtosis is close 
to 0 and 3, the return distribution for TWSE closing price is close to a normal 
distribution. 
Results Without Short Selling 
Table 8 summarizes the results without short selling. 
TABLE 8 HERE 
For the SMA, the annual adjusted return is maximized at SMA50 for both data sets, 
which is 13.12% for closing price and 18.83% for modal point. However, the 
annual adjusted return is minimized at SMA250 (-2.24%) for closing price and at 
SMA200 (-1.26%) for modal point. When employing RSI on both data sets, annual 
adjusted return is maximized at RSI28. Nonetheless, annual adjusted return is 
minimized at RSI7 (-10.75%) for the closing price data and at RSIM (-0.12%) for the 
modal point data. For the buy-and-hold strategy, it will generate a 23.13% loss per 
year. Therefore, applying the technical trading rules on both data sets will 
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outperform the simple buy-and-hold tactics, no matter which window size is 
employed. 
Closing price performs better than modal point for SMA5, SMA20, SMA150 and 
SMA200 whereas modal point outperforms the closing price for SMAio, SMA50, 
SMA90 and SMA250. Similarly, modal point outperforms the closing price for RSI7 
and RSI21 whereas closing price performs better than modal point for RSIM and 
RSI28. As a result, one is difficult to tell which data set performs better under the 
SMA and RSI rule when there is no short selling. 
Results With Short Selling 
Figure 6 shows the Taiwan Weighted Average closing price and modal point 
follow a downtrend during the sampling period. 
FIGURE 6 HERE 
Hence, allowing for short selling should be more profitable. Table 9 reports the 
results when short selling is allowed. 
TABLE 9 HERE 
Employing SMA on the closing price data, the annual adjusted return is maximized 
at SMA5 (53.10%) and minimized at SMA250 (-5.22%). On the other hand, the 
annual adjusted return is maximized at SMA50 (49.38%) and minimized at SMA200 
(-4.84%) when applying SMA on the modal point data. If applying RSI on both 
data sets, maximum return will be recorded at RSI28. But the annual adjusted return 
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is minimized at RSI7 (1.96%) for the closing price and at RSIM (26.47%) for modal 
point. Note that the return in Table 9 is higher than in Table 8 at all window sizes, 
except SMA200 and SMA250. 
When we compare the profitability between the closing price and modal point 
at different window sizes. It is found that modal point performs slightly better than 
closing price under SMA when short selling is allowed. For the RSI, result is 
similar to the case without short selling. Again, closing price outperforms at RSIM 
and RSI28, whereas modal point outperforms at RSI7 and RSI21. 
Results 
In the case of Taiwan stock market, it is found that 1) The SMA and RSI rules 
outperform the simple buy-and-hold tactics for both the closing price and modal 
point data; 2) Modal point performs slightly better than closing price under the SMA 
trading rules when short selling is allowed; 3) Result is mixed under the RSI trading 
rules; 4) Except SMA200 and SMA250, returns are higher in the presence of short 
selling. 
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Korea - KSP 
The barometer of the Korea stock market is the Seoul Composite Price Index 
(KSP). The best available data set of KSP modal point from 29 June 2000 to 31 
December 2002 will be analyzed. There are 596 sample size after holidays have 
been excluded. Table 10 reports the summary statistics for the log first differences 
of the KSP using closing price and modal point. 
TABLE 10 HERE 
Compare to other three Asian Dragons, the mean return of KSP is also slightly 
negative for both closing price and modal point data sets. Since the skewness is not 
zero and kurtosis figure is larger than 5，the return distribution of KSP for both data 
sets is leptokurtic which similar to the case in Hong Kong and Singapore stock 
market. 
Results Without Short Selling 
Table 11 summarizes the results without short selling. 
TABLE 11 HERE 
For the SMA, the annual adjusted return is maximized at SMA50 for both data sets. 
But the return is minimized at SMA200 (0.08%) for the closing price and at SMA5 (-
7.21%) for the modal point. Return is maximized at RSI28 and minimized at RSI7 
when applying RSI on both data sets. The loss generated by the simple B&H 
strategy is 11.14% per annum, which is lower than the return generated by the SMA 
27 
and RSI at all window sizes. Therefore, applying technical trading rules on KSP 
closing price and modal point will generate higher return than simple B&H strategy. 
Comparing the profitability of applying SMA rule on two data sets, with the 
exception of SMA5, the modal point data generates a higher return than the closing 
price data at all window sizes. Under the RSI trading rule, closing price outperforms 
modal point under RSI21 and RSI28，whereas modal point outperforms closing price 
at RSI7 and RSI14. In short, except for SMA5, RSI21 and RSI28, the modal point data 
generates higher annual adjusted return as compared to the closing price data. 
Results With Short Selling 
Figure 7 illustrates the Seoul Composite Price Index closing price and modal 
point follow a sideway trend during the sampling period. 
FIGURE 7 HERE 
Table 12 summarizes the results when short selling is allowed. 
TABLE 12 HERE 
Applying SMA on both data sets, the annual adjusted return is maximized at SMA5 
(24.79%) for the closing price data and at SMA50 (21.31%) for the modal point data. 
On the other hand, the adjusted return is minimized at SMA20 (-7.66%) for the 
closing price and at SMA5 (-4.99%) for the modal point. For the RSI, adjusted 
return is maximized at RSI28 for both data sets. Minimum adjusted return is 
recorded at RSIM (10.01%) for closing price data and at RSI21 (18.06%) for modal 
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point data. Note that when short selling is allowed, return is lower in some window 
sizes. So when short selling is allowed, it may be unprofitable when a stock or 
index follows a sideway trend. 
Similar to the case without short selling, modal point outperforms closing price 
at all window sizes except SMA5. Obviously, modal point performs better than 
closing price under the SMA rule in the KSP. However, the result is mix under the 
RSI rule. 
Results 
In the case of Korea stock market, it is found that 1) The SMA and RSI rules 
outperform the simple buy-and-hold tactics for both the closing price and modal 
point data; 2) Modal point data generates higher return as compared to closing price 
data under the SMA trading rules; 3) Result is mixed under the RSI trading rules; 4) 





Almost uniformly, the results reported in the existing literature are based on the 
closing price data. This thesis introduces the concept of modal point and compares 
the profitability of some trading rules based on closing price and modal point data in 
Four Asian Dragons. In a nutshell, it is found that: 
1) In the Hong Kong stock market, except SMAio, SMA90 and RSI28, modal point 
data generates a higher return as compared to closing price data. 
2) In the Singapore stock market, except SMAio, SMA50 and SMA200, the modal 
point data generates higher return than the closing price data. 
3) In the Taiwan stock market, except SMA5, SMA150, SMA200, RSIH and RSI28， 
the modal point data generates higher annual adjusted return than the closing 
price data when short selling is allowed. 
4) In the Korea stock market, except SMA5, RSI21 and RSI28, the modal point data 
generates higher return than the closing price data. 
The above results are concluded from Table 13. 
TABLE 13 HERE 
In Table 13，"No S." means no short selling is allowed, "With S." means short 
selling is allowed, CP means closing price performs better, MP means modal point 
performs better, "Same" means closing price and modal point generated the same 
return. 
30 
Except the case in Taiwan, modal point data obviously performs better than 
closing price data in Hong Kong, Singapore and Korea stock market in almost all of 
the window sizes. To draw a general conclusion, we pool all the observed results 
together and perform a sign test. We test 
Ho :ARMP- ARCP=0 
HI :ARMP- ARCP>0 
We reject the null hypothesis if Z � Z 0 . 0 5 = 1.645, where 
Z=(X-nq)/(nq(l-q))八.5， 
X is the total number of cases when annualized rate of return for modal point is 
higher than closing price, n is the total number of observations and q=0.5. From 
Table 13，with n = 96 and X = 63, we get Z = 3.062. Since Z exceeds 1.645, the null 
hypothesis should be rejected. Therefore, we conclude that the modal point data 
performs better than the closing price data. 
Our findings suggest that closing price data may not be as good as modal point 
data in constructing trading rules. This encouraging result is worth further exploring 
in the future. 
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Table 1 ： Summary statistics for the log first differences of the HSI using closing 
price and modal point 
30/6/1999-31/12/2002 “ 
Statistic Closing Price Modal point 
T 864 864 
Mean -0.000188 -0.000193 
Std. Dev 0.007221 0.006884 
Skewness -0.265425 -0.304045 
Kurtosis 5.274905 4.926598 
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Table 11 ： Annual Rate of Return without short selling 
HSI m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 103 5.425** 36 67 7.451 -2.026** 
SMAio 64 8.828** 19 45 4.630 4.199** 
SMA20 42 4.946 ** 12 30 3.038 1.908 
SMA50 28 -1.458 8 20 2.025 -3.483** 
SMA90 15 0.771 4 11 1.085 -0.314 
SMAiso 14 -6.493** 2 12 1.013 -7.506** 
SMA200 8 -2.063 1 7 0.579 -2.642** 
SMA250 8 -4.555** 0 8 0.579 -5.134** 
RSI7 63 -0.567 19 44 4.557 -5.125** 
RSIM 43 5.871** 19 24 3.111 2.761** 
RSI21 32 1.420 10 22 2.315 -0.895 
RSI28 29 -0.020 10 19 2.098 -2.118** 
Modal Point 
SMAs 103 6.796** 37 66 7.451 -0.655 
SMAio 57 7.417** 20 37 4.123 3.293** 
SMA20 41 7.309** 15 26 2.966 4.343** 
SMA50 28 0.409 7 21 2.025 -1.617** 
SMA90 18 -1.827 4 14 1.302 -3.129** 
SMAiso 16 -5.833** 4 12 1.157 -6.991** 
SMA200 7 -1.981 1 6 0.506 -2.488 
SMA2S0 7 -4.408** 1 6 0.506 -4.915** 
RSI7 61 -0.282 23 38 4.413 -4.695** 
RSI14 41 6.619** 17 24 2.966 3.653** 
RSI21 27 3.578** 13 14 1.953 1.625 
RSI28 29 -0.120 8 21 2.098 -2.217** 
B & H 1 -10.225 0 1 0.072 -10.297 
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Table 11 ： Annual Rate of Return without short selling 
HSI m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 205 24.729** 78 127 14.829 9.900** 
SMAio 127 29.017** 45 82 9.187 19.830** 
SMA20 83 20.824** 24 59 6.004 14.820** 
SMA50 55 7.798** 16 39 3.979 3.820** 
SMA90 29 11.697** 7 22 2.098 9.599** 
SMAiso 27 -3.227** 5 22 1.953 -5.180** 
SMA200 15 5.951** 4 11 1.085 4.866 
SMA250 15 1.009 1 14 1.085 -0.076 
RSI7 126 9.354** 45 81 9.115 0.239 
RSIM 86 22.513** 35 51 6.221 16.292** 
RSI21 64 12.323** 26 38 4.630 7.693** 
RSI28 58 8.230** 23 35 4.196 4.034** 
Modal Point 
SMAs 205 28.486** 86 119 14.829 13.656** 
SMAio 113 25.640** 43 70 8.174 17.466** 
SMA20 81 25.939** 30 51 5.859 20.079** 
SMA50 55 12.284** 15 40 3.979 8.305** 
SMA90 35 6.584** 11 24 2.532 4.053** 
SMAiso 31 -1.434 10 21 2.242 -3.676** 
SMA200 13 6.129 5 8 0.940 5.188 
SMA250 13 1.501 3 10 0.940 0.560 
RSI7 122 9.530** 50 72 8.825 0.704 
RSI14 82 23.869** 35 47 5.932 17.937** 
RSI21 54 17.154** 26 28 3.906 13.247** 
RSI28 58 8.045** 22 36 4.196 3.849** 
B & H 1 -10.225 0 1 0.072 -10.297 
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Table 4: Summary statistics for the log first differences of the STII using closing 
price and modal point 
29/6/2000-31/12/2002 
Statistic Closing Price Modal point 
T 608 608 
Mean -0.000310 -0.000312 
Std. Dev 0.005719 0.005601 
Skewness -0.247857 -0.463710 
Kurtosis 5.992849 8.042571 
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Table 11 ： Annual Rate of Return without short selling 
STII m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 78 1.438** 23 55 8.018 -6.580** 
SMAio 43 5.362** 14 29 4.420 0.942 
SMA20 30 -2.285** 6 24 3.084 -5.369** 
SMA50 21 -3.046** 3 18 2.159 -5.205** 
SMA90 10 1.380 1 9 1.028 0.352 
SMA150 1 1.394 1 0 0.103 1.292 
SMA200 4 -1.869 1 3 0.411 -2.280 
SMA250 3 -2.090** 0 3 0.308 -2.399** 
^ S 4.772** 15 0.249 
RSI14 35 -3.609** 10 25 3.598 -7.207** 
RSI21 31 -10.295** 6 25 3.187 -13.482** 
RSI28 23 -4.607** 6 17 2.364 -6.971** 
Modal Point 
SMA5 68 1.938** 20 48 6.990 -5.052** 
SMAio 42 3.408** 14 28 4.317 -0.910 
SMA20 36 -4.853** 6 30 3.701 -8.554** 
SMA50 16 -0.282 4 12 1.645 -1.927 
SMA90 8 2.341 2 6 0.822 1.519 
SMAiso 1 1.394 1 0 0.103 1.292 
SMA200 4 -2.154** 1 3 0.411 -2.566** 
SMA250 3 -2.090** 0 3 0.308 -2.399** 
RSI7 39 10.300** 15 24 4.009 6.291** 
RSIM 28 -3.431** 8 20 2.878 -6.309** 
RSI21 28 -9.980** 5 23 2.878 -12.858** 
RSI28 26 -3.903** 8 18 2.673 -6.576** 
B & H 1 -16.335 0 1 0.103 -16.438 
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Table 11 ： Annual Rate of Return without short selling 
STII m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 23.900** ^ ^ 16.036 7.864** 
SMAio 86 33.662** 34 52 8.840 24.822** 
SMA20 59 12.654** 17 42 6.065 6.589** 
SMA50 41 9.569** 8 33 4.215 5.354** 
SMA90 19 9.311** 5 14 1.953 7.357** 
SMAiso 1 1.394 1 0 0.103 1.292 
SMA200 7 -3.459** 1 6 0.720 -4.178** 
SMA250 5 -3.070** 0 5 0.514 -3.584** 
RSI7 88 29.766** 39 49 9.046 20.720** 
RSI14 70 7.617** 24 46 7.196 0.422 
RSI21 62 -5.718** 18 44 6.373 -12.091** 
RSI28 46 6.481** 15 31 4.729 1.753 
Modal Point 
SMAs 136 25.125** 51 85 13.980 11.145** 
SMAio 84 28.750** 35 49 8.635 20.115** 
SMA20 71 6.809** 17 54 7.299 -0.489 
SMA50 31 16.375** 11 20 3.187 13.188** 
SMA90 15 11.392** 5 10 1.542 9.850** 
SMA150 1 1.394 1 0 0.103 1.292 
SMA200 7 -4.020** 1 6 0.720 -4.739** 
SMA250 5 -3.070** 0 5 0.514 -3.584** 
RSI7 78 43.819** 38 40 8.018 35.801** 
RSI,4 56 8.016** 18 38 5.757 2.259 
RSI21 56 -5.054** 18 38 5.757 -10.811** 
RSI28 52 8.633** 20 32 5.345 3.287** 
B & H 1 -16.335 0 1 0.103 -16.438 
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Table 7: Summary statistics for the log first differences of the TWSE using closing 
price and modal point 
23/6/2000-31/12/2002 
Statistic Closing Price Modal point 
T 638 638 
Mean -0.000456 -0.000455 
Std. Dev 0.008623 0.008578 
Skewness 0.194139 -0.121249 
Kurtosis 3.412561 4.630899 
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Table 11 ： Annual Rate of Return without short selling 
TWSE m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 69 14.286** 31 38 6.759 7.526** 
SMAio 45 5.392** 16 29 4.408 0.984 
SMA20 26 7.712** 5 21 2.547 5.165** 
SMA50 8 13.904** 3 5 0.784 13.120** 
SMA90 11 4.003 2 9 1.078 2.925 
SMAiso 4 4.059 1 3 0.392 3.667 
SMA200 3 -0.063 1 2 0.294 -0.357 
SMA250 4 -1.849 1 3 0.392 -2.241 
RSI7 50 -5.849** 12 38 4.898 -10.747** 
RSIM 29 9.221** 9 20 2.841 6.380** 
RSI21 26 -0.753 6 20 2.547 -3.300 
RSI28 14 12.038** 7 7 1.371 10.666** 
Modal Point 
SMAs 6.236** ^ ^ -0.817 
SMAio 49 6.231** 18 31 4.800 1.431 
SMA20 26 7.641** 7 19 2.547 5.094** 
SMA50 9 19.707** 5 4 0.882 18.825** 
SMA90 10 5.882 1 9 0.980 4.903 
SMAiso 8 2.940 2 6 0.784 2.156 
SMA200 3 -0.963 1 2 0.294 -1.257 
SMA250 2 -0.317 1 1 0.196 -0.513 
RSI7 47 4.605** 16 31 4.604 0.001 
RSIM 32 3.013 7 25 3.135 -0.122 
RSI21 22 4.449 6 16 2.155 2.294 
RSI28 10 10.451** 5 5 0.980 9.471 
B & H 1 -23.034 0 1 0.098 -23.132 
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Table 11 ： Annual Rate of Return without short selling 
TWSE m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 138 66.618** 66 72 13.519 53.099** 
SMAio 89 40.396** 35 54 8.719 31.677** 
SMA20 51 45.751** 17 34 4.996 40.755** 
SMA50 15 37.741** 6 9 1.469 36.272** 
SMA90 21 18.799** 4 17 2.057 16.742** 
SMAiso 7 11.811** 2 5 0.686 11.125 
SMA200 5 -2.606 1 4 0.490 -3.096 
SMA250 7 -4.531** 1 6 0.686 -5.216** 
^ 11 .759** U ^ 9 . 7 9 6 L ^ 
RSI14 58 49.220** 24 34 5.682 43.538** 
RSI21 52 23.636** 20 32 5.094 18.541** 
RSI28 28 57.034** 17 11 2.743 54.291** 
Modal Point 
SMAs 44.813** ^ ^ 14.009 30.805** 
SMAio 97 43.755** 42 55 9.502 34.252** 
SMA20 51 45.920** 20 31 4.996 40.924** 
SMA50 17 51.046** 10 7 1.665 49.381** 
SMA90 19 23.132** 5 14 1.861 21.271** 
SMAiso 15 8.528** 5 10 1.469 7.058** 
SMA200 5 -4.351 1 4 0.490 -4.841** 
SMA250 3 -1.559 1 2 0.294 -1.853 
RSI7 94 37.956** 38 56 9.208 28.748** 
RSI14 64 32.738** 23 41 6.270 26.469** 
RSI21 44 36.755** 20 24 4.310 32.445** 
RSI28 20 52.618** 12 8 1.959 50.659** 
B & H 1 -23.034 Q 1 0.098 -23.132 
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Table 10: Summary statistics for the log first differences of the KSP using closing price 
and modal point 
29/6/2000-31/12/2002 “ 
Statistic Closing Price Modal point 
T 596 596 
Mean -0.000203 -0.000201 
Std. Dev 0.009820 0.009396 
Skewness -0.406177 -0.603523 
Kurtosis 5.369508 7.065280 
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Table 11 ： Annual Rate of Return without short selling 
KSP m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 70 12.957** 28 42 7.341 5.616** 
SMAio 46 8.088** 17 29 4.824 3.264** 
SMA20 32 4.446** 11 21 3.356 1.090 
SMA50 15 12.919** 4 11 1.573 11.346** 
SMA90 9 7.424 1 8 0.944 6.480 
SMAiso 10 5.483 1 9 1.049 4.435 
SMA200 6 0.708 1 5 0.629 0.079 
SMA250 7 3.957 1 6 0.734 3.223 
RSI7 42 6.886** 12 30 4.404 2.482 
RSIm 31 6.517** 13 18 3.251 3.266 
RSI21 21 11.621** 7 14 2.202 9.419** 
RSI28 11 16.286** 4 7 1.154 15.133** 
Modal Point 
SMA5 73 0.451 29 44 7.655 -7.205** 
SMAio 52 12.473** 26 26 5.453 7.020** 
SMA20 24 13.194** 11 13 2.517 10.677** 
SMA50 12 16.000** 4 8 1.258 14.742** 
SMA90 10 7.654 1 9 1.049 6.606 
SMA, 50 11 6.985 2 9 1.154 5.831 
SMA200 5 1.347 1 4 0.524 0.823 
SMA250 6 4.630 1 5 0.629 4.000 
RSI7 37 11.077** 14 23 3.880 7.197** 
RSIM 23 13.091** 10 13 2.412 10.680** 
RSI21 22 9.678** 11 11 2.307 7.370** 
RSI28 15 12.689** 7 8 1.573 11.116** 
B & H 1 -11.030 0 1 0.105 -11.135 
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Table 11 ： Annual Rate of Return without short selling 
KSP m R (%) Correct Error ATC (%) AR (%) 
Closing Price 
SMAs 139 39.362** 53 86 14.576 24.785** 
SMAio 91 19.475** 32 59 9.543 9.932** 
SMA20 63 -1.049 18 45 6.607 -7.656** 
SMA50 29 17.232** 9 20 3.041 14.191** 
SMA90 17 8.162** 3 14 1.783 6.379 
SMAiso 19 0.706 3 16 1.992 -1.286 
SMA200 11 -4.891 2 9 1.154 -6.044 
SMA250 13 -0.285 2 11 1.363 -1.648 
RSI7 84 22.239** 30 54 8.809 13.430** 
RSIm 62 16.509** 26 36 6.502 10.007** 
RSI21 42 27.058** 15 27 4.404 22.654** 
RSI28 22 40.440** 11 11 2.307 38.133** 
Modal Point 
SMAs 145 10.211** 60 85 15.206 -4.994** 
SMAio 103 28.838** 48 55 10.801 18.037** 
SMA20 47 15.860** 20 27 4.929 10.931** 
SMA50 23 23.718** 9 14 2.412 21.306** 
SMA90 19 9.080** 3 16 1.992 7.088 
S M A , 50 21 3 .593 5 16 2 . 2 0 2 1 .391 
SMA200 9 -3.650 1 8 0.944 -4.594 
SMA250 11 0.160 2 9 1.154 -0.994 
RSI7 74 32.013** 33 41 7.760 24.253** 
RSI14 46 30.022** 24 22 4.824 25.198** 
RSI21 44 22.672** 21 23 4.614 18.058** 
RSI28 30 31.886** 15 15 3.146 28.740** 
B & H 1 -11.030 0 1 0.105 -11.135 
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Table 13: Comparison of annual adjusted return for modal point and closing price 
data among Four Asian Dragons 
Hong Kong Singapore Taiwan Korea 
NoS. With S. NoS. With S. No S. With S. No S. With S. 
SMAs MP MP MP MP CP CP CP CP 
SMAio CP CP CP CP MP MP MP MP 
SMA20 MP MP CP CP CP MP MP MP 
SMA50 MP MP MP MP MP MP MP MP 
SMA90 CP CP MP MP MP MP MP MP 
SMAiso MP MP Same Same CP CP MP MP 
SMA200 MP MP CP CP CP CP MP MP 
SMA250 MP MP Same Same MP MP MP MP 
RSI7 MP MP MP MP MP MP MP MP 
RSIM MP MP MP MP CP CP MP MP 
RSI21 MP MP MP MP MP MP CP CP 
RSI28 CP CP MP MP CP CP CP CP 
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Figure 1 ： Differences between Candlestick and ProStick chart^ 
M High ^ 
i — E x t r e m e Tail 
|—1— Close ^ — 
z M o d a l Point 
Active Range 
Open ^ 
4 ~ Extreme Tail 
^ Low ^ 
Candlestick ProStick 
9 Figure 1，2 and 3 is downloaded from www.prosticks.com 
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Figure 2: Using modal point to construct support and resistance level 
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Figure 3: Using ProSticks to avoid technical trap 
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Figure 5: STII closing price and modal point throughout 29/6/2000 to 31/12/2002 
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Figure 5: STII closing price and modal point throughout 29/6/2000 to 31/12/2002 
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Figure 5: STII closing price and modal point throughout 29/6/2000 to 31/12/2002 
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Figure 5: STII closing price and modal point throughout 29/6/2000 to 31/12/2002 
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